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Abstract

Thetaskof causaktructurediscorery from empiricaldatais
afundamentaproblemin mary areas.Experimentabatais
crucial for accomplishinghis task. However, experiments
aretypically expensie,andmustbe selectedvith greatcare.
This paperusesactivelearningto determingheexperiments
thataremostinformative towardsuncoveringthe underlying
structure. We formalizethe causallearningtask as that of
learningthestructureof acausaBayesiametwork.We con-
sideranactivelearnetthatis allowedto conductexperiments,
whereit intervenesn thedomainby settingthevaluesof cer
tainvariables We provide atheoreticaframevork for theac-
tive learningproblem andanalgorithmthatactively chooses
the experimentsto performbasedon the modellearnedso
far. Experimentafresultsshow thatactive learningcansub-
stantiallyreducethe numberof obsenationsrequiredto de-
terminethe structureof adomain.

1 Intr oduction

Determiningthe causalstructureof a domainis frequentlya
key issuein mary situations BayesiametworkgBNs)[Pearl,
1984 area compactgraphicalrepresentationf joint proba-
bility distributions. They canalsobe viewed asproviding a
causamodelof adomain[Pearl,200d. If we assuméhatthe
graphicalstructureof the BN representshe causalstructure
of the domain,we canformalizethe problemof discosering
the causalstructureof the domainasthe taskof learningthe
BN structurefrom data.

Over the last few years,therehasbeensubstantialwork
on discovering BN structurefrom purely obsenationaldata.
However, thereareinherentlimitations on our ability to dis-
cover the structurebasedon randomlysampleddata. Exper
imentaldata,wherewe intervenein the model, is vital for a
full determinatiorof thecausabtructure However, obtaining
experimentaldatais oftentime consumingandcostly Thus
theexperimentanustbechoserwith care.

In this paperwe provide anactivelearningalgorithmthat
selectsxperimentghataremostinformative towardsreveal-
ing the causalstructure. With active learningthe choice of
the next datacaseis basedupontheresultsseensofar. The
possibility of active learningcanarisenaturallyin a variety
of domainsandin several variants. In interventionalactive
learning,thelearnercanaskfor experimentsnvolving inter-
ventionsto be performed.This type of active learningis the
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normin scienti ¢ studies:we canaskfor aratto befed one
sortof food or another An interventionin the modelcauses
certainprobabilisticdependencieis themodelto bereplaced
by our intervention [Pearl,200J — the rat no longer eats
whatit would normallyeat,but whatwe choosét to. By ob-
servingthe resultsof this experiment,we candeterminethe
directionof causalin uence in caseswvherepurely obsena-
tionaldatais inadequate.

In suchactie learningsettingswherewe have the ability
to actively selectexperimentsye needamechanisnthattells
us which experimentto performnext. We presenta formal
frameawvork for active learningin Bayesiannetworks,based
on the principlesof Bayesianlearning. We maintaina dis-
tribution over Bayesiametworkstructureswhich is updated
basedon our data. We de ne a notion of quality of our dis-
tribution, and provide an algorithmthat selectsqueriesin a
greedyway, designedo improve modelquality asmuchas
possible We provide experimentaresultson a variety of do-
mains, shaving that our active learningalgorithm can pro-
vide substantiallymore accurateestimatesof the BN struc-
ture usingthe sameamountof data. Interestingly our active
learningalgorithmprovidessigni cantimprovementsvenin
casesvhereit cannotintervenein the model,but only select
instancef certaintypes. Thus,it is applicableevento the
problemof learningstructurein a non-causasetting.

2 Learning BayesianNetworks

Let be a set of random variables,
with eachvariable  taking valuesin some nite domain
Dom . A Bayesiametwork(BN)over isapair
thatrepresents distribution over thejoint spaceof . is
adirectedagyclic graph,whosenodescorrespondo theran-
domvariablesn andwhosestructureencodeonditional
independencpropertiesaaboutthe joint distribution. We use

to denotethe setof parentsof is asetof parame-
terswhich quantifythe networkby specifyingthe conditional
probability distributions (CPDs) .

The Bayesiametworkrepresents joint distribution over
the setof variables via the chain rule for Bayesiannet-
works Viewed as
a probabilisticmodel, it cananswerary query of the form

where and aresetsof variablesand an
assignmentf valueso . However, aBN canalsobeviewed
asa causalmodel[Pearl,2004. Underthis perspectie, the
BN canalsobe usedto answelinterventionalqueries which



specifyprobabilitiesafterwe intervenein themodel,forcibly
settingoneor morevariablesto takeon particularvalues.In
Pearls framework, aninterventionin acausamodelthatsets
a singlenode replaceghe standardcausalmecha-
nismof  with onewhere isforcedto takethevalue . In
graphicalterms,this intervention correspond$o mutilating
themodel Dby cuttingtheincomingedgedo . Intuitively,
in thenew model, doesnotdependnits parentswhereas
in the original model,thefact that would give usin-
formation(via evidentialreasoningpbout 'sparentsin the
experimentthefactthat tellsusnothingabouttheval-
uesof 'sparents.For example,in a fault diagnosismodel
for acar, if we obsere thatthecarbatteryis notchaged,we
mightconcludevidentially thatthealternatobeltis possibly
defectie, butif wedeliberatelydrainthebatterythenthefact
thatit is emptyobviously givesus no informationaboutthe
alternatoibelt. Thus,if we set , theresultingmodelis
adistributionwherewe mutilate  to eliminatetheincoming
edgedo nodesn , andsetthe CPDsof thesenodessothat
with probability 1.

Our goalis to learna BN structurefrom data. We make

two standarcassumptions:

CausalMark ov assumption: The datais generatedrom
anunderlyingBayesiametwork over

Faithfulness assumption the distribution over
inducedby satis es no independencebeyond
thoseimplied by the structureof

Our goalis to reconstruct  from the data. Clearly, given
enoughdata,we canreconstruct . However, in general,
doesnot uniquelydetermine . For example,if our network

hastheform , then is equallyconsistent
with . Givenonly samplefrom , thebestwe canhope
for is to identify the Markovequivalenceclass[Pearl,1984
of : asetof networkstructureshat inducepreciselythe
sameindependencassumptions.ln a Markov equivalence
classtheskeletorof thenetwork— thesetconnected
pairs— is x ed; for someof the pairs, the directionof the
edgeis x ed, while the other edgescan be directedeither
way [Spirtesetal., 1993.

If we aregivenexperimentalaswell asobsenationaldata,
our ability to identify thestructureés muchlarger[Cooperand
Y00,1999. Intuitively, assumevearetrying to determinehe
directionof anedgebetween and . If we are provided
experimentaldatathatintervenesat , andwe seethat the
distributionover  doesnot changewhile interveningat
doeschangehedistributionover , we canconclude(based
ontheassumptionabore) thattheedgeis

3 Bayesianlearning with experimental data

As discussedn the introduction, our goal is to use active
learningto learn the BN structure— learning from data
wherewe are allowed to control certainvariablesby inter-
vening at their values. We formalizethis ideaby assuming
thatsomesubset of thevariablesarequeryvariables The
learnercanselecta particularinstantiation for . There-
guest is calledaquery Theresultof sucha queryis
calledtheresponsandit is arandomlysamplednstance of
all thenon-queryvariablesgconditionedon . In other

words, istheresultof anexperimentwherewe intervened
in the modelby setting to takethevalues ; ourassump-
tionsthenimply that is sampledrom the mutilatedmodel

describedabove.

We use a Bayesianframavork to learn the BN struc-
ture. More preciselywe maintaina distributionover possible
structuresandtheir associategharametersWe begin with a
prior over structure@ndparameteranduseBayesiarcondi-
tioningto updateit asnew datais obtained Following [Heck-
ermanet al., 1995, we makeseveral standardassumptions
abouttheprior:

Structure Modularity : The prior
theform: Pa

Parameter Independence

canbewrittenin

Parameter Modularity : For two graphs and , if

then:

In this paper we alsoassumehat the CPD parametersre
multinomialsandthatthe associategharametedistributions
arethe conjugateDirichlet distributions. However, our anal-
ysisholdsfor ary distribution satisfyingthe parametemod-
ularity assumption.

Giveacompleterandomlysamplednstance over ,us-
ing Bayesrule we have thatthe posteriordistribution over G
is proportionalto: . is themaminal
likelihoodof thedataandis foundby integratingover all pos-
sibleparametewaluesin

Now, insteadof having a completerandomsample,sup-
posethatwe have an interventionalquery , andre-
sultingresponse . We needto de ne how to updatethe dis-
tribution giventhis queryandresponseWe break
thisinto two problemdy usingtheidentity:

. Thus
we needto determinehow to updatethe parametedensityof
astructureandalsohow to updatethedistribution over struc-
turesthemseles.

For the rst termin this expressionconsidera particular
networkstructure anda prior distribution over the
parametersf . It is clearthatwe cannotusethe resulting
completeinstanceto updatethe parameter®f the nodes
themseles.For interventionalquerieseachnodein thequery
is forcedto have no ancestorsasall of itsincomingedgesare
cut. Thus,for example theparent of inaninterventional
query is sampledfrom the original distribution
and hencewe caneasilyusethe informationabout in
Thus,we de ne avariable to beupdateablen the context
ofaninterventionalquery if isnotin

Ourupdaterule for the parametedensityis now very sim-
ple. Givena prior density anda response from a
query , we do standardBayesianupdatingof the
parametersas in the caseof randomly sampledinstances,
but we updateonly the Dirichlet distributions of updateable
nodes.We use to denotethe distribu-
tion obtainedfrom this algorithm;this canbereadas
“thedensityof  afterperformingquery andobtainingthe



completeresponse ”. Note thatthis is quite differentfrom
thedensity which denotestandardBayesian
conditioning. We also note that performingsuch an inter-
ventionalupdateto the parameterstill preseres parameter
modularity

Now considerthe distribution over structures. We use

to denotethe posteriordistribution over

structuresafter performingthe query and obtainingthe re-
sponse. The following theoremtells us how we can easily
updatethe posteriorover  givenaninterventionalquery:

Theorem 3.1 Givena query and completaesponse
,If satis esparameteindependencand param-
etermodularity; then:

Scoe

with Scoe

4 Active Learning

Our goal in this paperis not merelyto updatethe distribu-
tion basedon interventionaldata. We wantto activelyselect
instanceshatwill allow usto learnthestructurebetter

A (myopic) active learner is a function that selectsa
query baseduponits currentdistributionover and

. It takesthe resultingresponse , andusesit to update
its distribution over and . It thenrepeatghe process.
We describedheupdateprocessn the previoussection.Our
tasknow is to constructinalgorithmfor decidingon our next
guerygivenour currentdistribution

4.1 Lossfunction

As in thework of TongandKaoller [2001], a key stepin our
approachs thede nition of ameasurdor the quality of our
distribution over graphsand parameters.We canthen use
this measuré¢o evaluatetheextentto which variousinstances
would improve the quality of our distribution, therebypro-
viding us with an approachfor selectingthe next queryto
perform.

Moreformally, givenadistributionovergraphsandparam-
eters we have a lossfunctionLoss  that mea-
suresthe quality of our distribution over the graphsand pa-
rametersGivenaquery we de ne the expectedoos-
terior lossof thequeryas:

ExPLoss
Loss (2)

This de nition immediatelyleadsto thefollowing simpleal-

gorithm: For eachcandidatequery , we evaluatethe
expectedposteriofoss,andthenselectthequeryfor whichit

is lowest.Note,however, thattheexpectedossappearso be
computationallyexpensve to evaluate.We needto maintain
a distribution over the setof structuresandthe numberof

structuresn  is superexponentialin the numberof nodes.
Furthermoregiven a query to computethe expectedposte-
rior losswe have to performa computationover the set of

structuredor eachof the exponentialnumberof possiblere-
sponseso thequery

To makethis high-level frameavork concreteye mustpick
a lossfunction. Recallthat our goalis to learnthe correct
structurehencewe areinterestedn the presenceanddirec-
tion of the edgesin the graph. For two nodes and
therearethreepossibleedgerelationshipdetweerthem: ei-
ther , or or . Our distribution
over graphsandparameterinducesa distribution over these
threepossibleedgerelationshipsWe canmeasurdhe extent
to whichwe aresureaboutthisrelationshipusingthe entropy
of thisinduceddistribution:

)
The larger this entropy the lesssurewe are aboutthe rela-
tionshipbetween and . Thisexpressiorformsthebasis
for our edgeentopylossfunction:

Loss 3)

In certaindomainsve maybeespeciallyinteresiin determin-
ing therelationshipbetweerparticularpairsof nodes Wecan
re ect this desirein ourlossfunctionby introducingscaling
factorsin front of different terms.

Now thatwe have de ned the loss function for a distri-
bution , our taskis to nd an efcient algorithm
for computingthe expectedposteriorloss of a given query

relatveto . Wenotethat is our currentdistribu-
tion, conditionedon all the dataobtainedsofar. Initially, it is
theprior; aswe getmoredata,we useBayesiarconditioning
(asdescribedabore) to update , andthenapply the same
algorithmto the posterior

Our approachto obtaininga tractablealgorithmis based
on theideasof FriedmanandKoller [2000 — we rst con-
siderthe simplerproblemof restrictingattentionto network
structurexconsistentith sometotal ordering, . Then,we
introduceadistribution over the orderings.

4.2 Analysisfor a Fixed Ordering

Let be a total ordering of We restrict attentionto
network structureshat are consistentwith | i.e., if there
is an edge , then Following [Friedman
etal., 1999, we alsoassumethat eachnode  hasa set
of at most possiblecandidateparentsthat is x ed
beforeeachquery round. In certaindomains,we can use
prior knowledgeto construct  ; in others,we canusethe
dataitself to point out nodesthat are morelikely to be di-
rectly relatedto We de ne the set of candidatepar
entsfor anode  thatareconsistentwith our orderingas:
, Where if
for all . We representhe setof structuresnducedby
and as . We notethatthe numberof structuresn
is still exponentialin the numberof variablesn
The key impact of the restrictionto a x ed ordering
is that the choice of parentsfor one nodeis independent
of the choice of parentsfor anothernode [Buntine, 1991;
Friedmanand Koller, 2000. Two importantconsequences
arethefollowing theoremswhich give us closedform, ef -
ciently computablexpressiongor key quantities:



Theorem 4.1 Givena query , we canwrite the prob-
ability of aresponse to our queryas:

Pa Scoe
Pa Scoe

whee Pa
Theorem 4.2 Givena query and completion we
canwrite theprobability of an edge as:

Pa Scoe

Pa Scoe

whee wede ne Scoe if

Now, considerthe expectedposteriorloss(Eq. (1)) given

ExPLoss
(4)

We cancompute by usingThe-
orem4.2. Also, noticefrom Theoremd.2 thatthe expression

dependonly on the values
that and giveto , and . Usingthis fact
andthenapplyingTheoremd.1, we canrewrite the expected
posteriodossas:

ExPLoss

Pa Scoe

Where,

Pa Scoe

This expressionstill involves summationsover the expo-
nential numberof possiblecompletionsof a query How-
ever, noticethatfor each and in Eg. (5), the summation
over completions resembleshe expressionfor computing
a mawginal probabilityin Bayesiametworkinferencewhere
we aremamginalizingout . In fact andeach canbere-
gardedas factorsand we can usestandardgraphicalmodel
inferenceproceduregLauritzenand Spiegelhalter 1989 to

evaluatethis expressioreffectively. Therestrictionto a can-
didatesetof parentdor eachnodeensureshateachfactor

is over at most variables,andeachfactor over at
most variables. After applying Bayesiametwork
inferencewe endup with afactoroverthevariables where
for eachpossiblequery wehave thevalueof theexpression

We needto performsuchan inferencefor each  pair.
However, sincewe restrictedto at most candidateparents,
the numberof possibleedgeds at most . Thus,the com-
putationalcostof computingthe expectedposteriorlossfor
all possiblequeriess thecostof  application®f Bayesian
networkinference.

4.3 Analysisfor Unrestricted Orderings

In the previous section,we obtaineda closedform expres-
sionfor computingthe expectedposterioossof a queryfor
a given ordering. We now generalizethis derivation by re-
moving therestrictionof a x edordering.Theexpressiorfor
theexpectedposteriolosscanberewritten as:

ExPLoss
Loss
Loss

The expectation over orderings can be approximatedby
sampling possible orderingsfrom our current distribution
over graphsand parameters. As shovn by Friedmanand
Koller [200d, samplingfrom orderingscan be done very
effectively usingMarkov chainMonte Carlo (MCMC) tech-
nigues.

The expressioninside the expectationover orderingsis
very similarto theexpectedposteriodossof thequerywith a
x edordering(Eq. (4)). The only differenceis thatwe now
mustcomputethe entropyterms
without restrictingoursehesto a single ordering. This en-
tropy termis basedon probability expressiondor relation-
shipsbetweemodes:

(6)

(5) Eachof the termsinside the expectationcan be computed

using Theorem4.2. Naively, we can computethe expec-
tation for eachquery and completion by sam-
pling orderingsfrom and then comput-
ing . Clearly this approach
is impractical. However, we can use a simple approxima-
tion that substantiallyreduceshe computationakost. Our
generalMCMC algorithmgenerates setof orderingssam-
pledfrom . In mary casesa single datainstancewill
only have a small effect on the distribution over orderings;
hencewe canoftenuseour sampledrom to bearea-
sonablygoodapproximatiorto samplesrom thedistribution
. Thus,we useour currentsetof sampled
orderinggo approximateeq. (6).
We notethat,asin the x edorderingcasetheentropyterm
depend®nly on thevaluesgiven



to the variables and . Thus,we canusethe
sameBayesiametworkinferencemethodto computethe ex-
pression

4.4 Algorithm Summary and Properties

To summarizethe algorithm,we rst samplea setof order
ingsfrom thecurrentdistributionovergraphsandparameters.
Wethenusethis setof orderinggo computeheentropyterms
. Next, for eachorderingwe com-
pute using
a standardBayesiametworkinferencealgorithmto obtaina
factorover all possiblequeries.We thenaverageall of these
gueryfactorsobtainedfrom eachordering. The nal result
is a queryfactorthat, for eachpossiblequery givesthe ex-
pectedposteriofossof askingthatquery We thenchooseo
askthe querythatgivesthelowestexpectedposterioross.

We now considerthe computationalcompleity of the
algorithm.  For each ordering we need to compute

This
involves at most Bayesiannetwork inferences. Each
inferencereturnsa factor over all possiblequeriesand so
the inferencewill take time exponentialin the numberof
guery variables. The time compleity of our algorithmto
generatehe next queryis:  # of sampledrderings
costof BN inference.

In addition, we needto generatethe sampledorderings
themseles. FriedmanandKoller [2004 provide techniques
that greatlyreducethe costof this process.They alsoshown
thatthe Markov chainmixesfairly rapidly, therebyreducing
thenumberof stepsdn thechainrequiredo generat@arandom
sample.In our setting,we canreducethe numberof stepsre-
quiredeven further Initially, we startwith a uniform prior
over orderingsfrom which it is easyto generateandomor-
derings.Eachof theseis now the startingpointfor a Markov
chain. As we do a singlequeryandgeta responsethe new
posteriordistribution over orderingss likely to be very sim-
ilar to the previous one. Hence,our old setof orderingsis
likely to be befairly closeto the new stationarydistribution.
Thus,avery smallnumberof MCMC stepsfrom eachof the
currentorderingswill give usanew setof orderingawhichis
very closeto beingsampledrom thenew posterior

5 Experimental Results

We evaluatedthe ability of our algorithmto reconstructhe
networkstructureby usingdatageneratedrom a known net-
work. Weexperimentedvith threecommonlyusednetworks:
Cancer, with ve nodes;Asia, with eight nodes;and Car
Troubleshooter with twelve nodes. For eachtestnetwork,
we maintainedb0—75orderings,asdescribecabore. Were-
strictedthe setof candidateparentsto have size . We
selectedhe5 candidateparentfor eachnodeat random gx-
ceptthat the nodes true parentsin the generatingnetwork
werealwaysin the candidatgarentsets. It typically took a
few minutesfor theactive methodto generatehe next query
We comparedour active learningmethodwith both ran-
domsamplinganduniform querying,wherewe choosea set-
ting for the query nodesfrom a uniform distribution. Each
methodproducesestimatedor the probabilitiesof edgeshe-
tweeneachpair of variablesin our domain. We compared
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Figurel: (a)Cancerwith onequerynode.(b) Asiawith two query
nodes. (c) Car with four querynodes. (d) Car with threequery
nodesandweightededgeimportance (e) Cancer with ary pairsor
singlenodesasqueries. (f) Cancer edgeentropy Legendsre ect
orderin which curvesappearThe axesarezoomedor resolution.

eachmethods estimatewith the true network by using
the edgeerror of theestimate:
Error
7
where if holdsin  andis zerootherwise.

We rst consideredvhethettheactive methodprovidesary
bene t over randomsamplingother than the obvious addi-
tional power of having accesdo querieghatintervenein the
model. Thus,for the rst setof experimentswe eliminated
this advantageby restrictingthe active learningalgorithmto
qgueryonly rootsof . (All algorithmswereinformedthat
thesenodesvererootsby settingtheircandidatgarensetsto
beempty) Whenthequeryis aroot,acausabfueryis equiva-
lentto simply selectinga datainstancehatmatcheshequery
(e.g.“Give meamalewho smokes”)hencethereis noneed
for a causalinterventionto createthe response A situation
wherewe are only ableto queryroot nodesarisesin mary
domainsjn medicaldomainsfor example,we oftenhave the
ability to selectsubjectof a certainage,gendeyor ethnicity,



variableswhich aretypically assumedo beroot nodes.

Figuresl(a)to 1(c) shaw the learningcurvesfor the three
networks.We experimentedvith usinguniform Dirichlet pri-
orsandalsomoreinformedpriors(simulatedoy sampling20
datainstancedrom the true network). For Cancer andCar
Troubleshooter the type of prior madelittle qualitative dif-
ferencen thecomparatre performancdetweerthelearning
methods(the graphsshonvn arewith uniform priors). With
the Asia domaina uniform prior tendedo causeall methods
to performsimilarly. Onepossiblereasoris thatour approx-
imationfor Eq. (6), which assumeshata singlequerydoes
notsigni cantly alterthedistributionover orderingsjs apoor
onein theinitial phases.The Asia graphdisplayedis with
the slightly informedprior. In all threegraphs,we seethat
the active methodperformssigni cantly betterthanrandom
samplinganduniform querying.

In somedomains determiningthe existenceanddirection
of causalin uence betweentwo particularnodesmay be of
specialimportance. We experimentedwith this in the Car
Troubleshooternetwork. We modi ed the L1 edgeerror
function Eq. (7) (andthe edgeentropyEq. (3) usedby the
active method)to makedeterminingherelationshipbetween
two particularnodes(the FuelSubsystemodeand EngineS-
tart) 100 timesmoreimportantthana regular pair of nodes.
We usedthree other nodesin the network as query nodes
The resultsare shavn in Fig. 1(d). Again, the active learn-
ing methodperformssubstantiallybetter

Note that, without true causalinterventions,all methods
have the samepower to identify the model: asymptotically
they will identify the skeletonandthe edgesvhosedirection
is forcedin the Markov equivalenceclass.However, evenin
this setting,the active learningalgorithmallows us to derive
thisinformationsigni cantly faster

Finally, we consideredthe ability of the active learn-
ing algorithmto exploit its ability to performinterventional
gueries.By usinga simpleextensionto our analysiswe per
mitted our active algorithmto chooseo setary pair of nodes
or ary singlenodeor no nodesat all. We comparedhis to
randomsamplingand also uniformly choosingto seta sin-
gle, pair or no nodes.This experimentwasperformedon the
Cancer networkwith aninformedprior of 20 randomobser
vations. Fig. 1(e) shavs that our active methodsigni cantly
outperformsthe other methods. We also see,in Fig. 1(f),
thatthe predictionerrorgraphsarevery similarto the graphs
of the edgeentropy(Eqg. (3)) basedon our distribution over
structuresThis shavsthatthe edgeentropyis, indeedarea-
sonablesurrogatdor predictive accurag.

6 Discussionand Conclusions

This paper introducesthe problem of active learning of
Bayesiametworkstructureusinginterventionalqueries.We
have presented formal framevork for thistask,andaresult-
ing algorithmfor adaptvely selectingwhich queriesto per
form. We have shavn that our active methodprovides sub-
stantiallybetterpredictiongegardingstructureghanbothran-
domsampling,andaprocesdy whichinterventionalqueries
are selectedat random. Somevhat surprisingly our algo-
rithm achievessigni cant improvementsver theseotherap-

proachesven whenit is restrictedto queryingrootsin the
network,andthereforecannotexploit the advantageof inter-
veningin themodel.

Thereis a signi cant body of work on the designof ex-
perimentsn the eld of optimalexperimentaldesign[Atkin-
sonandBailey, 2001]; there thefocusis not on learningthe
causalstructureof a domain,and the experimentdesignis
typically x edin advancedratherthanselectedactively. Ac-
tive learningin Bayesiannetworkshasbeenconsideredy
Tong andKoller [2001] for parametelestimationwherethe
structureis assumedo be known. Therehave beenseveral
studieson learningcausalmodelsfrom purely obsenational
data[Spirteset al., 1993;Heckermaret al., 1997]. Cooper
andYoo [1999 considerearningthe structureof causahet-
worksfrom amixtureof experimentabndobsenationaldata,
butin anon-actve learningsetting.

Therearemary interestingdirectionsin which we canex-
tend our work, e.g., a treatmentof continuousvariablesor
temporalprocessesMost interestings the problemof deal-
ing with hiddenvariablesand missingdata. We might use
active learningto decidewhich extra variableto obsere or
which extra pieceof missingdatawe shouldtry to obtainin
orderto bestlearnthe model. Anotherexciting directionis
thepotentialof usingactive learningin orderto try to uncover
the existenceof a hiddenvariablein our domain.
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